System We consider a population of cells which is divided by neutral markers into two subpopulations, which we term the 'blue' and 'red' marker populations. Over time, we make repeated observations of the system, counting the number of cells in the blue and red marker populations, and use these to generate time-resolved marker frequenciesx red (t k ) andx blue (t k ), where the t k represent observation times. We construct a model to generate predicted marker frequencies, x red (t k ) and x blue (t k ), to fit the observations. We model the initial system using two haplotypes, the haplotype a = 0 denoting the blue marker population, and the haplotype a = 1 denoting the red marker population. We consider a system in which there arises one beneficial mutation, with mutant haplotype a = 2.
Initial haplotypes Before the arrival of the beneficial mutation, the only haplotypes in the system are a = 0 and a = 1. In the language of the main text, these haplotypes comprise the set H0. As described in Eq. 2 of the main text, these haplotypes grow proportional to q0(0)e f 0 t and q1(0)e f 1 t . As the difference between these haplotypes is only a neutral marker, however, these haplotypes have equal fitness, so that f1 = f0
(1)
As all that matters in the relative sizes of the marker populations is the difference in fitness, we can set
Further, we know that the frequencies sum to one
Together these equations give q0(t) = q0 (0) q1(t) = 1 − q0(0)
These values are constant; until the emergence of the first mutation, the haplotype frequencies do not change. As the model marker frequencies are calculated by adding up the frequencies of the haplotypes with each marker, the model marker frequencies, too, do not change.
Mutant haplotype
We now suppose that the mutant, represented by the haplotype a = 2, reaches a frequency of 0.001 at time t2. At the time t2, then, we set the haplotype frequency q2(t2) = 0.001. Other haplotype frequencies are rescaled at this time in a linear fashion. If q0(t 2 ) and q1(t 2 ) represent the frequencies of the haplotypes a = 0 and a = 1 at a moment instantaneously before this time, the rescaled haplotype frequencies can be expressed as
Supposing the mutant haplotype has fitness f2 > 0, assuming its evolution to be deterministic, then from the time t2, it will grow in size proportional e f 2 t . The frequency of the mutant haplotype, then, will grow proportional to e f 2 (t−t 2 ) , for t > t2 (See Eq. 2 of the main text for comparison). As a result, if the mutant haplotype occurs in the red marker population, the red marker frequency will then increase in size, while if the mutant haplotype occurs in the blue marker population, the blue marker frequency will increase in size. The fitness f2 determines the rate of increase, larger values of f2 leading to faster increases in marker population frequency.
Concluding remarks
In the above, we have described a deterministic model for the evolution of the marker frequencies, parameterised by q0, the mutant haplotype properties t2, f2, and the marker population in which the mutant appears, χ2. Optimising these four parameters gives the model which generates marker frequencies x red (t k ) and x blue (t k ), which best fit the observationŝ x red (t k ) andx blue (t k ). Measuring the fit between the model and the observations gives a likelihood score, indicating the goodness of fit of the model. This score can be compared to models generated with different numbers of mutants. Were more mutants to be added to the model, this would generate more ta, fa and χa terms to be fitted. Considering more general classes of experiment, more markers could also be added to the model, requiring more qi(0) to be fitted. In either case, the principle of optimising a model to fit the observations is the same.
Performance of the method under high beneficial mutation rates
While in the main text, we evaluate the performance of the method under mutation rates up to 5 × 10 −7 , some populations may have beneficial mutation rates substantially higher than this. We therefore carried out further simulations of a population with exponentially distributed selection coefficients with parameter σ0 = 0.025 and U = 10 −5 . At this level of mutation, our method effectively reproduced the marker trajectories, but assessment of the selection coefficients and establishment times of the inferred haplotypes presents a challenge. At lower mutation rates, a mapping between inferred events and individual real events can easily be made by matching events based on their respective establishment times. However, at high levels of U , multiple establishment events an be seen within a short space of time, so that such a matching is prone to c Oxford University Press 2011.
error. Below, we discuss an example of a simulation at high mutation rate. While a far greater number of beneficial haplotypes arise within each marker population than can be inferred by the method, where multiple haplotypes arise, it is likely that the most beneficial of these will have the largest effect on the marker. As such, a reasonably good fit can be made between the inferred haplotypes, and the primary haplotypes within each marker population.
An example of a simulated population derived at U = 10 −5 is shown in Supplementary Figure S3 , which is presented in a format similar to that of Figure 2a in the main text. Multiple beneficial haplotypes reach establishment in each population, leading to the relative growth of first the blue, then the red marker populations, before the eventual fixation of the blue population after around 500 generations. Use of our method produced a good fit between the marker frequencies and an inferred model with four beneficial mutations (Supplementary Figure S4) .
Comparison of the details of the haplotypes inferred by our model showed a reasonably good correspondence between real and inferred haplotype fitnesses. Four beneficial haplotypes were inferred, one in the red marker population with establishment time and fitness (ta, σa) equal to (130, 0.098), and three in the blue marker population, with establishment times and fitnesses (78, 0.067), (166, 0.111), and (325, 0.171). The fitnesses compared favourably with those of the largest haplotypes in the population.
Examining the detail of the simulation, after 230 generations, the blue population is largely comprised of two haplotypes, having fitnesses 0.065 and 0.076 respectively, roughly matching the first beneficial haplotype inferred to reach establishment. At this time, the red population is primarily comprised of a single haplotype with fitness 0.098, equivalent to the second inferred haplotype. Moving forward in the simulation, after 380 generations, the largest haplotype in the blue population has selection coefficient 0.128, close to that of the third inferred haplotype, while the red population is finally overtaken by two haplotypes which make up the blue population at time 480 generations, having selection coefficients 0.185 and 0.225 respectively.
While the second beneficial haplotype to emerge in the red population is missed by our method, the haplotypes we do infer are generally representative of the most beneficial observed haplotypes in the simulation. As mentioned in the main text, sequencing of the population would be required to recapture the full haplotype details. Table S1 . Correlation between real and inferred mutation establishment times, and haplotype fitness ratios. No result for correlation could be calculated in the case of exponentially distributed selection coefficients with σ 0 = 0.01 and 1 × 10 −8 , only one mutation being identified across all 50 simulations, this one mutation having no real counterpart. We have applied a maximum cut off of 0.5 to inferred fitnesses, i.e. f i > 0.5 → 0.5, to avoid bias coming from cases where only a lower bound can be fixed for fitness as was explained in the text.
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